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The evaluation of radiation treatment plans in-
volves making trade-offs among doses delivered
to the tumor volumes and nearby normal tissues.
Evaluating state-of-the-art three-dimensional (8D)
plans is a difficult task because of the huge amount
of planning data that needs to be deciphered. Mul-
tiattribute utility theory provides a methodology for
specifying trade-offs and selecting the optimal plan
from many competing plans. Using multiattribute
utility theory, we are developing a clinically mean-
ingful objective plan-evaluation model for 8D ra-
diation treatment plans. Our model incorporates
three of the factors involved in radiation treatment
evaluation — treatment preferences of the radia-
tion oncologist, clinical condition of the patient,
and complezity of the treatment plan.

INTRODUCTION

The goal of radiation treatment is to irradiate uni-
formly all tumor volumes to their prescribed doses,
and at the same time, to minimize radiation to
the nearby normal tissues [1]. Each potential plan
must make trade-offs in the doses delivered to tu-
mor volumes and normal tissues. The evaluation
of 3D radiation treatment plans is difficult because
it requires the radiation oncologist to decipher a
huge amount of planning data. Making an unam-
biguous conclusion about the merits of one plan
over another is a difficult task, and thus far ob-
jective plan-evaluation methodologies that reflect
actual clinical practice have been non-existent.

Most real-life decisions involve choosing among
available alternative plans in order to fulfill con-
flicting multiple objectives. In radiation therapy,
two conflicting treatment objectives have to be
satisfied simultaneously: delivering the prescribed
high dose to the tumor, and minimizing the dose
to nearby normal tissues. Multiattribute utility
theory (MAUT) provides a methodology for spec-
ifying the trade-offs involved and for selecting the
optimal plan (2, 3]. The outcome of the plan is di-
vided into a number of meaningful component at-
tributes corresponding to the decision objectives.
The utility of each component attribute is assessed
and indicates how closely the objective is achieved
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for that attribute; weights signifying the trade-offs
among the attributes are acquired. The overall
utility for each plan is obtained by combining the
utilities and weights of all the attributes. Norma-
tive decision theory states that the plan with the
maximum overall utility is the one that should be
chosen.

We are using MAUT to develop objective plan-
evaluation models for ranking competing radiation
treatment plans. This paper describes a prelimi-
nary model and some of its shortcomings, and then
describes a new model that we are investigating.

PRELIMINARY MODEL

The plan-ranking problem was formulated using
MAUT [4, 5]. Each attribute represented a spe-
cific clinical issue that may appear in a treat-
ment plan. Typical attributes (clinical issues)
were non-eradication of the tumor and radiation-
induced damage to normal tissues. For each issue,
its utility was computed as a number from 0 to
1. Utility of 0 for an issue meant the plan ad-
dressed that issue in an undesirable manner, and
1 meant the plan addressed that issue in a desir-
able manner. A multiplicative combining function
was used to obtain the overall utility or figure of
merit (FOM) of the plan. Thus:

issues
FOM = [] wutility;

i

(1)

Not all issues had the same clinical relevance in
the evaluation of the treatment plans. To obtain
utility of an issue, the probability of the occur-
rence of that issue was combined with the clinical
relevance of the issue in the plan. For issue i:

(2)

In Eq. 2, probability was the likelihood of occur-
rence of the issue. Weight indicated the clinical
relevance of an issue. Weight of 0 meant the is-
sue was irrelevant, and 1 meant it was important.
Thus, FOM was computed as:

utility; = 1 — probability; » weight;

issues

FOM = [] (1 —probability; » weight;) (3)



The plans were ranked based on their FOM. The
issue with the lowest utility was chosen as the one
to improve to increase FOM of the plan.

One shortcoming in this model is that the utility
of an attribute depended on its trade-off weight,
whereas multiattribute utility theory recommends
that utility should be independent of weight. The
probability values for normal tissues rarely ex-
ceeded 0.03. This meant that utility was at least
0.97 and all trade-off decisions were being made in
the narrow interval from 0.97 to 1.00. Similarly,
for some of the patients, the best achievable tumor
eradication probability was less than 0.75. This
meant that wutility for the tumor volume could
not exceed 0.75, whereas most of the other issues
would have higher utility. This affected the abil-
ity of the model to select issues for improvement
as the tumor volume had already been optimized
to the best achievable dose.

NEW DECISION THEORETIC MODEL

Any objective plan-evaluation model should incor-
porate the preferences of the decision maker, and
fine tune these preferences based on the conditions
or abilities of other people involved in the process.
Hence, we seek to model the treatment preferences
of the radiation oncologist. These preferences can
be affected by both the clinical condition of the
patient, and the ability of the technician to admin-
ister a complex treatment plan. But no objective
radiation treatment plan-evaluation models in the
literature incorporate these factors.

The plan-ranking problem is again formulated
using MAUT. Typical attributes are clinical is-
sues such as non-eradication of the tumor and
radiation-induced damage of normal tissues, and
non-clinical issues such as difficulty of administer-
ing the plan. Each issue has utility (from 0 to 1)
which indicates how closely the objective for that
issue is achieved. For a tumor volume, the objec-
tive is to irradiate it uniformly to the prescribed
high dose. For a normal tissue, the objective is
to minimize the dose delivered to it. Thus for the
clinical issues, utility has to be a function of the
dose distribution in the tissue represented by that
issue. However, it is impractical if not impossible
to enumerate all the possible dose distributions for
a tissue. This makes it impossible to elicit utility
functions based on the dose distribution. We will
use prozy attributes in order to elicit the utility
functions. A proxy attribute is one that reflects
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the degree to which an associated objective is met
but does not directly measure the objective [2].
Possible proxy attributes include mean or integral
dose, tissue volume above tolerance or prescrip-
tion dose, and probability of a bad outcome. We
will use the probability of a bad outcome for an
issue as the proxy in our model. This probability
will come from radiobiological models which use
the dose distribution in and other characteristics
of the irradiated tissue. The objective of each issue
will be to minimize the probability of a bad out-
come for that issue, and utility will be a function
of that probability. Different issues have different
levels of morbidity. Each issue has weight (from 0
to 1) to make trade-offs among the different levels
of morbidities.

To compare and rank competing plans, utility and
weight of the issues need to be combined to obtain
an overall utility (FOM) for the plan. To ease
the understanding of our FOM, we introduce the
term score which is the contribution of each issue
to FOM. When utility of an issue is low and
weight is high, score should be low; when wtility
is high or weight is low, score should be high. One
function which has this behavior is:

(4)

When score for any issue is low, FOM for the
entire plan should be low. Since score is between
0 and 1 for all the issues, a suitable aggregation
model which has this behavior is the multiplicative
multiattribute model. Thus:

score; = 1 — (1 — utility;) * weight;

issues

FOM = H score; (5)

Thus, the new objective plan-evaluation model is:

issues

FOM = [] (1 - (1 - utility;) » weight) (6)

Notice how Eq. 6 is similar to our previous model
(Eq. 3), but utility and weight are more clearly
separated now. We are eliciting utilities and
weights from our radiation oncologists for three
tumor sites — prostate, lung, and head-and-neck.

Physician Factors

The treatment preferences of the radiation oncolo-
gists will be encoded through issue utility because
the radiation oncologists determine the objective
of the radiation treatment. Ut:idity measures how
closely the objective for that issue — to minimize



the probability of a bad outcome — is being met. In
our earlier model, we used this probability directly
and we observed that due to the low probability
values, we never used the entire range of our utility
function. Our new utility function maps the nar-
row range of observed probabilities onto the entire
range of utility, and enables us to overcome the
shortcoming observed in our earlier model. This
method of scaling the acceptable levels of an issue
onto the entire utility range is a common way of
constructing utility functions [3].

For any issue i in a treatment plan, we believe that
the radiation oncologist considers two key proba-
bilities — the lower threshold probability p}, and
the upper threshold probability p¥. p! represents
the highest probability of occurrence that the ra-
diation oncologist is willing to ignore. For some
critical clinical issues, p' can be 0. p! represents
the lowest probability of occurrence above which
the radiation oncologist will reject the treatment
plan categorically. Thus, the range [0, p}] repre-
sents the range of complication probabilities that
the radiation oncologist is willing to consider while
selecting a treatment plan for a patient. Let U be
the utility function. Since the objective for any is-
sue is to minimize the probability of its occurrence,
part of the utility function over the probability p
is as follows:

Up)=1 0<p<p
=0 p*<p<l

(7

(ignore the issue)
(reject the plan)

The region of interest is p! < p < p* in which
U(p) goes from 1 to 0. There are three possible
ways this can happen — at a linear rate, at an ex-
ponentially increasing rate, or at an exponentially
decreasing rate (Fig. 1).
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Figure 1: Three possible shapes for utility function
U in the range [p', p*]. The utility is decreasing
at a (a) linear, (b) exponentially increasing, and
(c) exponentially decreasing rate.

The utility function for the same issue may be dif-
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ferent for different tumor sites. This is due to the
fact that the tissue being considered may be at a
higher risk for damage in one of the tumor sites
due to its proximity to the tumor than in the other
tumor site. For a given tumor site, we will obtain
from radiation oncologists worksheets containing
the list of all tumor volumes and normal tissues
that appear in the treatment field. For each is-
sue on the worksheet, p' and p* will be elicited.
We believe that the radiation oncologists will be
able to give us these probabilities quite easily as
they must regularly be considering subjective val-
ues for the probability of complications in a tissue
while selecting treatment plans. Eliciting these
two probabilities will give us the range of proba-
bilities over which wtility goes from 1 to 0. Over
this range, we will elicit utility of the issue in two
parts — the shape of the curve, and its steepness.

In order to obtain the shape of the curve, we
will provide the following verbal description of the
three curves in Fig. 1. For U decreasing at a linear
rate (Fig. 1(a)), the preference for the issue goes
steadily from 1 to 0 as the probability goes from
p' to p*. For U decreasing at an exponentially
increasing rate (Fig. 1(b)), the preference for the
issue is quite high for probabilities slightly over
p', but it rapidly approaches 0 for probabilities
approaching p*. For U decreasing at an exponen-
tially decreasing rate (Fig. 1(c)), the preference for
the issue starts becoming very low even for prob-
abilities slightly over p'. The radiation oncologist
will be asked to pick the curve which best reflects
how his/her preference for that issue changes with
increasing probability of complication. If the radi-
ation oncologist picks either of the last two cases,
then we have to obtain the steepness of the curve.
This can be done by determining a point on the
curve and calculating the rest of the curve. How-
ever, this will be difficult as there is no way of
calibrating the intermediate points on the curve
so that all the radiation oncologists use it in a
consistent manner. Instead, we will approximate
the process by presenting the radiation oncologist
with three curves of varying steepness. The radi-
ation oncologist will then be asked to select which
of these curves best represents his/her preference
for the issue. The first of these curves will be a
slight deviation from the linear case. The second
curve will be quarter of a circle with radius equal
to the length of the x-axis from p* to p*. The third
curve will be even steeper being almost flat (verti-
cal or horizontal) at the two extremes. Thus, there
are seven possible utility curves (Fig. 2). This
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Figure 2: Seven possible utility functions in the
range [p, p*]. The utility is decreasing at a (a) lin-
ear, (b) exponentially increasing, and (c) exponen-

tially decreasing rate.

methodology is a variant of the category estima-
tion technique for utility elicitation [6].

Patient Factors

A clinician must make trade-offs when all deci-
sion objectives cannot be achieved simultaneously.
Since the clinical condition of the patient affects
the trade-offs, it will be encoded through the issue
wetght. For each tumor site, we will elicit a list of
patient factors which can affect the trade-offs be-
ing made among the various clinical issues. These
clinical conditions include the stage of the cancer,
the age of the patient, the presence of some other
concurrent illness such as diabetes, the functional
capacity of an organ such as the kidney, etc. Pa-
tients will be classified into categories depending
on the presence or absence of the relevant clinical
conditions. A set of weights will be elicited for
each patient category. Weights will be separately
elicited from each radiation oncologist as they may
have have different weights for the same issue.

To obtain patient-specific weights, a hypotheti-
cal patient will be described to the radiation on-
cologist based on the patient category for which
weights are being elicited. The radiation oncolo-
gist will be asked to select from the worksheet a
single issue that he/she would consider to be the
most critical issue for such a patient. This selec-
tion has to be made based on the morbidities of
the complications related with each of the issues.
Let this critical issue be i.. Then, weight;, = 1
(most important). Now, for every other issue i on
the worksheet, two hypothetical plans P; and P,
will be described. Table 1 contains the probabil-
ities of complication for the issues in these plans.
The radiation oncologist will be asked which plan
does he/she prefer. Three cases are possible:
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Table 1: Probabilities of complication for the is-
sues in the hypothetical plans P, and P, being
used to elicit weight;.

Issue 4. | Issue ¢ [ Other issues
Plan P, | P, 23 0
Plan P, | »} P}

1. Plans P; and P; are equivalent. Since the issues
have complementary utilities in the two plans,
they must have the same weight in order to
obtain the same FOM. Thus, weight; = 1.

2. Plan P, is preferred over P,. In this case,
the radiation oncologist will be asked to give
a probability p of complication for issue i, in
plan P, that will make the two plans equiva-
lent. We are trying to improve plan P; till it
becomes as good as plan P;. Equating FOMs,
we get weight; = 1 — U;_(p) where U;_ is the
utility function for issue ..

3. Plan P, is preferred over P;. This is incon-
sistent because it implies that issue i is more
important than issue i..

This methodology is a variant of the trade-off tech-
nique for eliciting attribute weights [7].

Technician Factors

The complexity of a treatment plan will include
the difficulty of administering it. For each plan,
complezity score will be computed as a number
from 0 to 1. This is similar to utility for the clin-
ical issues. Complezity score of 1 means that the
plan is very easy to administer to the patient, and
0 means that this plan is either impossible or im-
practical to administer.

Our proposed approach uses case-based reason-
ing where the solution to a new problem is found
by adapting the solution to a similar old problem
which has been previously solved [8]. To serve as
the case base, we will build a library of treatment
plans that have been administered in the past to
patients at our institution. Radiation oncologists,
physicists, and technicians will be asked to assign
complexzity scores to those plans. The plans will
be stored in the plan library using a number of
indices such as the number of beams, their gantry
angles, the number and kind of treatment ma-
chines. Each time our objective plan-evaluation
model is evaluating a treatment plan, it will se-
lect a similar treatment plan from the plan library.



The similarity metric for comparing the two plans
will be based on the indices used for storing the
plans in the plan library. Complezity score for
the plan will be calculated by suitably adjusting
complexity score of the selected plan to compen-
sate for the difference between the two plans.

Given complezity score for a plan, there are two
ways of incorporating it into our objective plan-
evaluation model. The treatment plan complex-
ity can be considered as a non-clinical issue in our
model. In that case, complezity score will be used
as utility in Eq. 6. Its weight can be elicited using
a modified version of the methodology described
in Patient Factors. An alternate approach is to
keep the treatment plan complexity separate from
FOM leaving FOM comprised of only the clini-
cal issues. Complexity score can be used to break
ties among plans having the same FOM. Com-
plexity scores will be presented for all the plans; it
will be left up to the radiation oncologist to make
the appropriate trade-off depending on FOM and
complexity score of the treatment plan.

CONCLUSION

We have presented a decision theoretic model
for the objective evaluation of radiation treat-
ment plans. We currently are eliciting utilities
and weights for our model, and are developing
a clinical decision-support system to implement
our model. We are also investigating other proxy
attributes based on dose statistics summarizing
the dose distribution, such as the volume of the
tissue above prescription or tolerance dose. We
envision many potential uses for our system. It
could be used by radiation oncologists for evaluat-
ing, selecting, and manually optimizing radiation
treatment plans. An objective plan-evaluation
model has tremendous pedagogical value. Resi-
dents could learn from the evaluation skills of the
senior radiation oncologists. FOM could be used
as an objective function by computer programs
that obtain an optimal treatment plan by using
mathematical optimization techniques. Qualita-
tive results could be used by computer programs
that obtain an optimal treatment plan using ar-
tificial intelligence techniques [9, 10]. With the
promise of real-time dose calculation, the treat-
ment planners may obtain an instantaneous eval-
uation as they move the beams during the design
of a treatment plan [11]. We are also using this
model to investigate a new preference acquisition
methodology [12].
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